Background The use of receiver operating characteristic curves, or "ROC analysis," has become quite common in biomedical research to support decisions. However, sensitivity, specificity, and misclassification rates are still often estimated using the training sample, overlooking the risk of overrating the test performance. Methods A simulation study was performed to highlight the inferential implications of splitting (or not) the dataset into training and test set. The normality assumption was made for the classifier given the disease status, and the Youden's criterion considered for the detection of the optimal cutoff. Then, an ROC analysis with sample split was applied to assess the discriminant validity of the Italian version of the Control of Allergic Rhinitis and Asthma Test (CARATkids) questionnaire for children with asthma and rhinitis, for which recent studies may have reported liberal performance estimates. Results The simulation study showed that both single split and cross-validation (CV) provided unbiased estimators of sensitivity, specificity, and misclassification rate, therefore allowing computation of confidence intervals. For the Italian CARATkids questionnaire, the misclassification rate estimated by fivefold CV was 0.22, with 95% confidence interval 0.14 to 0.30, indicating an acceptable discriminant validity. Conclusions Splitting into training and test set avoids overrating the test performance in ROC analysis. Validated through this method, the Italian CARATkids is valid for assessing disease control in children with asthma and rhinitis.
Introduction
The use of receiver operating characteristic curves, or "ROC analysis," has become quite common in biomedical research to support decisions. [1] [2] [3] In fact, continuous developments in clinical, biological, and psychometric methods provide a wide range of measurements that can be evaluated as potential diagnostic or prognostic tools. Several advanced nonparametric, semiparametric, and parametric methods have been developed for estimating and comparing ROC curves derived from continuous classifiers. 4 However, the most widespread approach to ROC analysis, routinely used in a clinical setting, is still the simplest one: several values of some numerical (continuous or discrete) classifier are evaluated as possible "optimal" cutoff for labeling individuals as "diseased" or "nondiseased." [5] [6] [7] [8] The goal is to set up a simple screening test, therefore avoiding performing a more invasive, expensive, or time-consuming "gold standard" test.
To derive a ROC curve, sensitivity is plotted against one minus specificity derived from cross-tabulations (CVs) of the true binary status and several binary classifiers obtained through different cutoffs. Different criteria have been proposed for establishing the "optimal" cutoff, mainly based on a trade-off between sensitivity and specificity. However, there is no general criterion that guarantees optimality in all situations, since optimality may depend on different test characteristics and implications (costs, psychological consequences) of false positivities and false negativities. The most widely used criteria are minimization of the distance from (0,1) 9 and maximization of the Youden's index (sensitivity þ specificity-1), 10 the latter being somewhat more appropriate. 11 Sensitivity, specificity, and misclassification rates, obtained with the optimal cutoff, together with the area under the ROC curve, are commonly used to report the predictive performance of a classifier. 12, 13 The need to assess the predictive performance of a classifier on an independent test sample has been well demonstrated, for example, in the context of machine learning, 14 decision trees, 15 and penalized least square discriminant analysis. 16 By contrast, this topic appears to have been overlooked in medical literature about ROC analysis, with the result that the aforementioned performance indicators are still quite often estimated using the same sample of data where the test was developed.
Although the issue of deriving appropriate estimators for the performance error rates could be bypassed using parametric [17] [18] [19] or Bayesian approaches, 15 these methods may be unfamiliar to medical researchers. In addition, the main issue of the training-test set approach is the choice of the training set proportion (usually 1:2 or 2:3), especially when the sample size is small. 20 An alternative approach is CV. 21, 22 CV leaves out one or more observations in turn to be used as the test sample; all the test samples form a partition of the whole sample, so that all the observations are involved in estimation of the classification error. The dilemma, however, is about choosing the classifier to retain, since different classifiers may be obtained from different training subsets. In general, one may then return to the full dataset. 23 The motivation for writing this article concerns the increasing acknowledgment of the prognostic value of patient-reported outcomes in patients with asthma, 24 rhinitis, 25, 26 or both. 27, 28 In fact, recent studies have provided simple screening tests for assessing the disease control and therefore monitoring its course. However, out of the five studies referenced above, only one 24 appears to have randomly divided the total sample into a "development" (or "training") sample (75%) and a "confirmatory" (or " test") sample (25%). In particular, for pediatric patients with asthma and rhinitis, one of the previous validation studies of the "Control of Allergic Rhinitis and Asthma Test" (Control of Allergic Rhinitis and Asthma Test (CARAT) CARATkids questionnaire) in Brazilian children 27 reported an estimated probability of 1 for the CARATkids score being larger than 3 with uncontrolled asthma (sensitivity), and an estimated probability of 0.93 for the CARATkids score being lower than 7 with controlled asthma (specificity). Since they report sensitivity and specificity from the same sample where they were maximized, such estimates may be affected by positive bias, that is, they probably overestimate the true sensitivity and specificity in the general population.
The aim of this study was to highlight the positive inferential implications of splitting the study sample into a training sample (where the optimal test is derived) and a test sample (where performance or error rates are estimated) in the setting of ROC analysis. This was accomplished by using a well-known data generating mechanisms and a simple simulation study, as a possible reference for medical researchers dealing with such data.
Methods

Statistical Characterization
Let Y i be a dichotomous random variable for which i ¼ 1,2,…,n, where n is the size of a given sample of individuals from some target population. It is possible to define as the prevalence of the disease in the target population. Now consider a quantitative random variable X i , and suppose that, on average, the X values are greater in diseased individuals. Given this property, X i may be considered as a potential classifier for Y i . For the illustrative purpose of this article, the distribution of X i conditional to the disease status is supposed to be Normal (or Gaussian), so that σ σ μ μ Here μ 1 and σ 1 are, respectively, the true mean and standard deviation of the classifier among nondiseased individuals, while μ 2 and σ 2 are their counterparts among diseased Methods of Information in Medicine individuals (with μ 2 > μ 1 ). On this ground, the rationale of ROC analyses is that the "working variable" can be used as a simple classification rule in the target population for some given cutoff c. The accuracy of the test depends on its ability to correctly detect diseased and nondiseased individuals. In particular, the performance indicators of interest are usually sensitivity (probability that the test is positive in diseased individuals), specificity (probability that the test is negative in nondiseased individuals), and the misclassification rate (probability of incorrectly classifying an individual). The true performance has to be evaluated in the target population, and of course, it depends on the cutoff c. The true sensitivity is defined as:
where Φ(·) represents the Gaussian distribution function, with parameters of the diseased population in this case. Similarly, the true specificity is:
where now the distribution of X in nondiseased individuals is involved. Finally, the true misclassification rate is:
In ROC analyses, pairs (x i ,y i ) are collected on n individuals; in particular, the disease status y i is assessed through some validated gold standard test. To set up the classification rule, the cutoff to use is selected among several candidates on a grid of x values, as the value that optimizes a given criterion. The sample of individuals on which this optimization is performed is called the "training set." The size of the training set will be denoted by n δ , where δ ¼ n δ /n (e.g., δ ¼ 50%, δ ¼ 67% or δ ¼ 100%) indicates the training percentage. According to Youden's criterion, 10 the optimal cutoff is estimated as: where c j is the j-th candidate cutoff on a J-dimensional discrete grid of x values, δ is the test sensitivity in the training sample, and δ is the test specificity in the training sample.
Once the optimal cutoff ĉ δ has been identified using the training set, the next step is to estimate the true predictive performance of the optimized test, that is, to estimate (2), (3), and (4) for c ¼ ĉ δ . To accomplish this, two simple approaches are commonly used. The first, liberal approach consists in estimating the performance in the training set:
If the true disease prevalence (i.e., the prevalence in the general population) is simply estimated by δ δ δ ∑ (i.e., the prevalence in the study sample), Eq. (8) reduces to the following, more familiar expression: where I(·) is an indicator function. However, if the number of diseased and nondiseased individuals is fixed a priori in the study design, using Eq. (9) would be definitely wrong for obvious reasons; in this case, the true prevalence should be inferred from previous studies or just hypothesized.
Thesecond, more conservative approach consists in randomly leaving out a given proportion of the sample, say γ individuals (e.g., γ or γ ), to use as the test sample, that is, to estimate (2), (3), and (4) for c ¼ ĉ δ , where ĉ δ comes from the training sample ( ). The performance estimators will therefore be denoted with γ δ , γ δ , and γ δ .
Sometimes, separation into a training and a test set is difficult due to the small sample size. In this case, k-fold CV makes better use of the data. With this approach, the whole sample is randomly partitioned into k subgroups to be used as the test set in different steps. At each step, k À 1 groups (training set) are used to develop a classifier, and the outcome predictions are derived in the test set. This procedure is repeated until all the k subgroups have been used as the test set, and the overall classifier performance is therefore evaluated. The main issue with this approach is the choice of the classifier to retain, since different classifiers may be obtained at each step; in this case, one may return to the full dataset using ĉ 100% . 23 The k-fold CV performance estimators will be denoted with , and ; when k ¼ n, CV is referred to as leave-one-out CV (LOOCV).
The next section is intended to show, empirically, that the first approach (100% training) leads to an overestimation of the true sensitivity and specificity (and consequently an underestimation of the misclassification rate in the target population), while the second approach (independent test sample) provides unbiased estimates. The following true performance indicators, averaged over ĉ δ , will be considered for the different procedures (δ ¼ 100%, δ ¼ 67% and δ ¼ 50%):
where the terms prob(ĉ δ ¼ c j ) are estimated through simulation.
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Simulation Study
In the simulation study showed in the next section, the n pairs (y i ,x i ) were generated as follows: first, y i was generated from a Bernoulli random variable with probability of success equal to p, then, x i was generated from a Gaussian distribution, using parameters μ 1 and σ if y i ¼ 0, μ 2 and σ if y i ¼ 1.
Simulations were performed to assess the true sensitivity, the specificity and the misclassification rate, and the properties of the estimators presented in the previous section.
Different configurations of target populations were considered by varying the mean difference (distances between μ 1 and μ 2 , δ μ ¼ 2, 4, 6, 8), the variances [(σ 1 , σ 2 ) ¼ (1, 4), (2, 3), (2, 2), (3, 2), (4, 1)] and the disease prevalence (p ¼ 0.6, 0.4). ►Figure 1 illustrates the hypothesized populations of diseased and nondiseased individuals. From each population, 1,000 random data samples were generated using different sample sizes (n ¼ 50, 100, 200). For each simulated sample, a ROC analysis was performed to detect the optimal cutoff using Youden's criterion (on a discrete grid of J ¼ 30 equally spaced candidates c j ), and the performance of the obtained test was estimated using different training percentages (δ ¼ 100%, 67%, 50%), fivefold CV and LOOCV.
Clinical Data
The data analyzed in the article come from a cross-sectional study performed at the Pediatric Pulmonology-Allergology outpatient clinic of the CNR Institute for Biomedical Research and Innovation of Palermo, and at the Department of Pediatrics of the Sapienza University of Rome, Italy. Children aged 6 to 11 years, with a medical diagnosis of allergic rhinitis and asthma, were consecutively enrolled from March 2015 to December 2016. Children with other respiratory or chronic diseases that might interfere with the study measurements, as well as children with psychiatric disorders and/or cognitive impairment, were excluded. The n ¼ 112 patients were assessed at baseline (T0) and after a mean period of 3 months (T1). All children attended both visits and completed an Italian version of the CARATkids questionnaire [27] [28] [29] and the Childhood Asthma Control Test (C-ACT). 24 Some psychometric characteristics of the Italian CARATkids questionnaire were assessed. In particular, the discriminant validity of CARATkids was evaluated in previous studies 27, 28 as its ability to detect children with uncontrolled asthma, defined as C-ACT score 19. 24 Moreover, the more general cross-sectional and longitudinal validity was assessed through the correlation between the total score of the CARATkids and the total score of C-ACT. A ROC analysis was performed and the optimal cutoff value for CARATkids selected according to Youden's method. The area under the curve (AUC) was estimated and its significance (AUC > 0.5) tested using the method described by DeLong et al. 30 The study was approved by the local ethic committee (N 11/2014 Azienda ospedaliera Universitaria Policlinico Paolo Giaccone) and conducted in accordance with the Declaration of Helsinki and Good Clinical Practice guidelines. All parents provided written informed consent. The study was registered on the central registration system ClinicalTrials.gov (NCT 02409550).
Results
Simulation Study ►Tables 1 to 6 show the means and standard deviations of the different estimates obtained in the simulated data samples. Scenarios with δ μ ¼ 2, 8 were reported in ►Supplementary Tables S1 to S6 (online only). In general, small differences are observed in the expected value of the cutoff estimator (ĉ), which locates approximately at the intersection point between the distributions in ►Fig. 1, that is, the optimal cutoff in the population. As expected, Abbreviation: LOOCV, leave-one-out cross-validation.
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the variance of ĉ increases as the training percentage decreases; as a consequence, the true performance indicators appear to get a little worse as δ decreases, since there is greater probability that the estimated cutoff assumes values far from the aforementioned intersection point. As expected, the true performances improve as the sample size and the distance between the distributions of diseased and nondiseased individuals (δ μ ) increase. Similarly, the true sensitivity increases as the variability of the classifier decreases among diseased individuals (σ 2 ), just as the true specificity increases as σ 1 decreases. Quite evidently, assessing the test performance on the training set (δ ¼ 100%) leads to an overestimation of the true sensitivity and specificity, and consequently an underestimation of the true misclassification rate in all scenarios. In particular, the bias is higher when estimating sensitivity with a low prevalence (on average less fewer diseased individuals are sampled) and when estimating specificity with a high prevalence (on average less fewer nondiseased individuals are sampled). The bias is substantially not affected by increasing δ μ or changing σ 1 and σ 2 , while it decreases as the sample size increases.
When a single split or CV is performed, , , and are unbiased estimators of the true performance indicators in all scenarios. However, in the case of a single split, , , and are affected by higher variability, especially with smaller sample sizes, higher population variances of the classifier, and a higher training proportion (δ ¼ 67%). Conversely, CV performs the best in all scenarios.
For each scenario, ►Figs. 2, 3, and 4 represent the true misclassification rates for each candidate cutoffs c j (black curve) and the empirical (simulated) means of the error rates estimated as the different c j are selected as the optimal cutoff using the different training percentages (δ ¼ 100%, 67%, 50%) and CV. For all scenarios, the lines in green (δ ¼ 67%), blue (δ ¼ 50%), light blue (fivefold CV), and magenta (LOOCV) lie on the black curve [the true ], meaning that, once a given ĉ δ is obtained, the true classification error is correctly estimated. By contrast, the red line (δ ¼ 100%) lies below the black line, indicating an underestimation of the true classification error. Since the red and the black curves appear to be parallel, the bias is approximately the same regardless of the optimal cutoff estimated. ►Figures 3 and 4 show that the bias reduces as the sample size n increases from 50 to 100 or 200 individuals.
It is worth noting that the means of the simulated error estimates get more wiggly for the most external cutoffs; this is due to the low probability of detecting such cutoffs as optimal over the 1,000 replicates. Due to the lower variance of ĉ 100% highlighted in ►Tables 1-5 to 6, the lines in red, light blue, and magenta are shorter than the others. Since the most external cutoffs are associated with higher true misclassification rates, this would explain the somewhat better true overall performances highlighted in ►Tables 1-5 to 6 when δ ¼ 100%.
Validation of the Italian CARATkids Questionnaire
Due to the moderate sample size (n ¼ 112), the low estimated prevalence (17.86%, i.e., C-ACT total score 19 in 20/112 children) and the sample estimates Δμì , σ and σ , δ ¼ 50% were used as it should provide lower uncertainty of γ with a negligible loss of true performance (►Table 3); CV was also performed. Due to the random group assignment, no significant differences were found between the training set and the test set (►Table 7).
At T0 and T1 CARATkids score (increasing for decreasing disease control) showed significant intra-visit correlation (Spearman's rho in the training set) with C-ACT (increasing for increasing disease control): ρ ¼ À0.65 (p-value < 0.001) at T0 and ρ ¼ À0.61 (p-value < 0.001) at T1. The inter-visit correlation was weaker but statistically significant: ρ ¼ À0.52 (p-value < 0.001).
►Figure 5 depicts the ROC curve evaluated on the training set. The overall CARATkids score showed a good ability to predict a C-ACT score 19: the AUC was 0.91 (95% confidence interval [CI]: 0.82-0.99), and the optimal threshold was ĉ 50% ¼ 5.5, associated with a 91% sensitivity, a 76% specificity, and a 21% misclassification rate on the same training sample. The rule obtained (CARATkids > 5.5 for identifying uncontrolled asthma) was therefore tested on the test set. It yielded an estimated sensitivity of 78% and an estimated specificity of 77%. The estimated misclassification rate was 0.23, with 95% CI: 0.11 to 0.34 (usual CI for a proportion), indicating an acceptable discriminant validity. The optimal threshold was the same when estimated on the whole sample (ĉ 100% ¼ 5.5). In this case, fivefold CV yielded an estimated sensitivity of 75%, an estimated specificity of 78%, and a misclassification rate of 0.22, with 95% CI: 0.14 to 0.30. LOOCV yielded an estimated sensitivity of 75%, an estimated specificity of 76%, and a misclassification rate of 0.24, with 95% CI: 0.16 to 0.32.
Discussion
In this article, two common approaches for estimating and validating simple classification rules have been described in the context of ROC analysis: the focus has been on the inferential implications of splitting (once or repeatedly) or not the dataset into training and test sets. In fact, though well addressed in other areas, this topic still appears to be overlooked among medical researchers dealing with clinical data.
A simulation study showed that splitting the sample into training and test sets allows unbiased estimation of sensitivity, specificity, and misclassification rate. A single split of the sample produces more fluctuating estimates (higher variance) for both the cutoff and the performance indicators. The problem of higher variance is of some importance, and has raised questions about the ideal splitting proportion, especially when the sample size n is small (<100). Moreover, this approach slightly reduces the true performance of the classification method. This aspect should not discourage the use of a test set, even when the total sample size is n % 50, but rather, it may suggest reducing the training proportion. Indeed, while using a smaller training set does not appear to affect true performances considerably (►Tables 1 and 2), it may help to reduce the variance of their estimates by increasing the number of individuals in the test set. In general, very small sample sizes (n < 50) together with very small (or very high) expected prevalences (p < 0.20) would discourage the use of ROC analysis in simple random samples (due to the small proportion of diseased individuals in the sample). In such situations, it would be preferable to use CV, or alternatively, stratified sampling (to fix the number of diseased and nondiseased individuals), or more advanced methods like SMOTE. 31, 32 The issue of the higher variance after a single sample split can be quantified by deriving standard CIs for proportions; conversely, the bias of 6, 7, and 8 does not allow computation of valid CIs.
For the sake of brevity, the simulation study was limited to normal distribution only, and moreover the properties of a single utility function (Youden's index) were assessed. Despite representing a possible limitation of the present study, it might be speculated that the main findings should not be much influenced by the choice of simulation setting. Indeed, the main goal of the article was simply to show, empirically, the usefulness of using independent test samples, a topic that has been well studied in other contexts, but overlooked in medical literature about ROC analysis.
The motivating dataset of 112 Italian outpatient children represented a case in point. By now the CARATkids questionnaire for assessing disease control in children with asthma and rhinitis has been validated in three different languages. [27] [28] [29] However, none of these studies performed a ROC analysis with a sample split.
The intravisit (cross-sectional validity) and intervisit (longitudinal validity) correlations with C-ACT were similar to those found in all the previous aforementioned studies. [27] [28] [29] Concerning prediction of asthma control (discrimi-nant validity), it is worth noting that the ROC analysis using a 50% sample split showed high sensitivity in the training set as in the previous studies, 27, 28 while it was of more moderate intensity in the independent test set. This might suggest that the CARATkids misclassification rate may have been underestimated in previous assessments. Overall, the results 
Conclusions
Medical researchers dealing with clinical data should carefully consider the usefulness of splitting, when possible, the study sample into a training sample (where the optimal test is derived) and a test sample (where performance or error rates are estimated) when performing a ROC analysis, or alternatively using CV. The results of the present study support the use of CARATkids as a valid questionnaire to assess disease control in Italian children with asthma and rhinitis; its use helps to optimize simultaneous evaluation of allergic rhinitis and asthma, contributing to more comprehensive health care in children.
Note
All data and materials are available upon request. 
